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ABSTRACT 
As a tropical country Indonesia naturally characterized by high rate of rainfall and heavy cloud cover as well as 
lies in a complex tectonic settings. This situation makes Indonesia is prone to natural disaster. Comprehending 
natural disaster area is essential to prevent and mitigate people from further damage that might occur before 
and after such event. Mapping this area is one way to comprehend the situation when disaster strikes. Remote 
sensing data have widely been used along with GIS to create susceptibility map. The objective of this study is to 
map landslides susceptibility by integrating optical satellite images of Landsat ETM with Japanese Earth 
Resource Satellites (JERS-1) Synthetic Aperture Radar (SAR) data complemented by statistic logistical 
regression model using a Geographical Information Systems (GIS) platform. The study area covers landslide 
incidences that occurred in Bawakaraeng and Lompobattang Mountain areas of South Sulawesi, Indonesia. 
Change detection analysis is used to extract thematic information and the technique of Differential SAR 
Interferometry (DInSAR) was employed to detect slight surface displacement before the landslide event. The 
DInSAR processed images would be used to add as one weighted analysis factor in creating landslide 
susceptibility map in the statistic model with parameters of lithology, distance from the road, distance from the 
river, distance from the fault, land use, curvature, aspect and slope. The result indicates that during the JERS-1 
SAR data acquisition period of 1993-1998, there has been slight movement of the slope prior to event of the 
landslide and from the statistic model we found the best model was selected among twelve trials that were 
chosen from equal number of landslide and non-landslide pixels. The success rate, determined from the AUC of 
training data set, was found to be 0.866, which means that model has accuracy of 86.6 % accuracy to predict 
future landslides.  The prediction rate, calculated from the AUC of the validation dataset was found 0.855, 
which means a prediction accuracy of 85.5%.  The close similarity of the success rate and prediction rate 
values showed how the logistic regression model is reliable in predicting future landslide with a good level of 
accuracy. 
 
Keywords: JERS-1 SAR, DInSAR, Tropical Landslide, GIS, Susceptibility Map, Logistic Regression Method 
 
INTRODUCTION 
Indonesia lies astronomically on the equatorial line 
which influence its climate known as tropical.  This 
contribute to the high rate of rain fall. Besides that, 
Indonesia also being squeezed tectonically by three 
major plates when it comes to geological placement 
setting. This condition undeniably has made Indonesia 
as one of the highest natural disaster incident countries 
in the world such as earthquake, tsunami and landslide.  
In recent years, natural disaster have occurred more 
often statistically compare to decade ago (BNPB, 
2012).  Compared with other type of disaster, 
landslides have the highest incident to occur 
particularly in hilly terrains because they can trigger 
debris flows and flash floods during the rainy season.  
Unfortunately local government and responsible bodies 
are not able to monitor the area because the lack of 
spatial information supporting the decision making and 
development planning for the area.  The lack of detail 
an accurate susceptibility maps make it difficult to 
evaluate the extent of the affected area.  Thus, 
establishment of a comprehensive database of disaster 
inventory is urgently required. 
On the other hand, the availability of remote sensing 
data coupled with GIS based analysis have given a lot 
of contributions in preparing the mitigation of the 
prone areas. Some GIS and remote sensing application 
techniques have been developed especially in landslide 
research topic. 
Bawakaraeng and Lompobattang are two dormant 
volcanic origin mountain that lies at South part of 
Sulawesi Island in Indonesia.  The mountainous area 
has been dwelling places for people as well as sources 
of material and hydrology purposes.  Despite the 
support of living condition, these two mountain areas 
have also contribute to fatalities in the occurrence of 
mass movement or sediment related disaster. The 
objective of this study is to map the susceptibility of 
landslide occurred in this area using a statistical driven 
model and differential interferometry of SAR method. 
STUDY SITE 
Lompobattang and Bawakaraeng mountain are located 
in South Sulawesi and surrounded by seven districts 
called Kabupaten, and both give a lot of beneficial for 
them. The mountains provide area for cultivation and 
farming, and some areas particularly at upstream part 
are covered by forests. The upstream of Bawakaraeng 
is the source of drinking water of Jeneberang River. 
Lompobattang Mountain located at 119o50 – 120o04 E 
and 5o12’ -5o28’ S and with altitude is around 2876  


















Fig 1. Study site. A, showing the whole area of Indonesia in regard to landslide incidences gradually from less 
incidence (white) to high (darker red) (BNPB, 2009). B. Specifically delineate the Jeneberang Watershed 
by the black outline with yellow line showing the material of the 2004 landslide incidence. 
 
meters above sea level with total area coverage of 
351.742 km2 (Fig.1).  There are 86 small 
town/villages in this area and the hydrologic system 
have six watersheds; Jeneberang, Lantebong, 
Kelara,Apparang, Bijawang and Tangka.   
DATA AND METHODOLOGY 
We combined optical and microwave remote sensing 
data covering the study area, with data set of Landsat 
7 acquired in September 2002 and SAR images of 
JERS One 1993 until 1998 for the differential 
interferometry processing data.  Acquisition of 
statistic incidents of the landslide ranging 2004 until 
to 2014 taken from the provision of google earth data 
In SAR interferometry (InSAR), the phase data of 
SAR images are analyzed to derive the local 
topography (original InSAR) or detect and quantify 
the ground displacement that has occurred in the 
slant-range direction between the two acquisitions 
data called Differential-InSAR, (Agustan et.al, 2010). 
This technique has been used since 1995 to monitor 
surface displacement related to volcanic activity 
(Tralli, et al, 2003). The result of this process is 
generally called D-InSAR, which estimates the 
ground displacement in the slant-range direction. 
This study also applies of logistic regression model to 
create a landslide susceptibility map at Lompobattang 
mountain in Indonesia.  In susceptibility mapping, 
we have to assume that future landslide occurs in the 
same condition that caused the past landslide. 
Landslide data was used as a dependent variable, and 
eight landslide causal factors including slope, 
curvature, aspect, distance from fault, distance from  
road, distance from river, lithology and then land use 
were selected as independent variables for landslide 
susceptibility mapping. 
Landslide inventory are essentially [Fell, et al., 2008], 
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and which are important factor to predict future 
landslide by using probabilistic method. Landslide 
inventory data were collected from 2004 until 2014 
google earth image interpretations of Lompobattang 
Mountain with highest altitude range between 2833 m 
and 700 m above sea level. From this a total of 158 
landslide were identified, which covered an area of 
3.44 km2.  Most of the landslides are shallow 
landslides with minimum and maximum landslide 
area 708 m2 and 512,765 m2 (0.51 km2) respectively. 
By using google earth historical imagery tools, we 
have limited the study area to an altitude 500m as no 
landslides data were found below this point.  Before 
applying the landslide data in GIS analysis, we have 
to digitize the time series data from google earth 
image interpretation, step carps of noticeable 
landscape modification exist. Then these files are 
saved as GIS compatible (kml) format and the data is 
again subsequently changed into shapefile and then 
raster format. 
RESULT AND DISCUSSION 
Based on the Geographic Information Systems (GIS) 
data processing software, visual delineation of 
Landsat image overlaid with vector data shows that 
an area of approximately 647 ha has been affected at 
the upper part of River Jeneberang, with indications 
of significant mass movement prior to the landslide. 
On the other hand, the SAR processing using 
SIGMASAR yielded coherence images for each level 
0 JERS-1 SAR data (Fig.2 for each pair). Generating 
DInSAR images require a pair of different acquisition 
images. Among the 6 pairs being processed, only 2 
pairs show reasonable good coherence namely the 
pair images of 1995 March/1996 May and 1996/1997 
(Fig. 3b and 4b). Based on the theory, coherence in 
DInSAR images are partly caused by the baseline of 
the two different acquisition time of the satellites. In 
Table 2 that shows the parameters of the processed 
data pair both 1995/1996 and 1996/1997 pairs have 
less than 500 m baseline. Other than this baseline 
factor, the coherence is also influenced by the 
atmospheric condition when the image acquired such 
as heavy rainfall. 
The DInSAR image pair of 1995/1996 shows a linear 
movement of 5 cm around the landslide area, 
suggesting the occurrence of cracks/gaps related to 
subsidence before the landslide event (Figure 5). 
Ground validation using high resolution differential 
GPS from the field also supports this interpretation of 
the DInSAR image. From project report of 
Jeneberang Sabo Dam, we managed to obtain the 
GPS location of the cracks that occurred before and 
after the landslides. Overlaying this points allow us to 
confirm the throne and the head of the landslides 
(Figure 5). The image analysis shows us there is a 
slight deformation along the slope of the potential 
landslide. 
In figure 3，the landslide susceptibility map were 
classified using natural breaks and grouped into five 
classes like very low, low, moderate, high, and very 
high.  For verification, a susceptibility map was 
verified by overlaying with landslide validation data. 
The percentages of landslides which fall in high to 
very high, moderate, and very low to low comprises 
of 83.94%, 4.08 %, and 11.98% respectively . 
Finally, landslide susceptibility map in Fig. 3 was 
produced from the classification of landslide 
susceptibility index map, and it’s classified into five 
classes by using natural breaks classification method 
or Jenks optimization method. This classification 
method has been used widely especially for planners 
and its designed to determine the best arrangement of 
values into different classes. This is because this 
method maximizes the variance between classes and 
reduces the variance within classes. The five classes 
include very low, low, moderate, high and very high 
describing the level of landslide susceptibility 
(proneness) in this study area. 
CONCLUSION 
This study has shown that not all JERS-1 SAR pairs 
of the designated areas give good coherence image 
which therefore will give better result on the DInSAR 
images. Integrating optical satellite image (Landsat 
and ASTER) with SAR image processing can 
complement the change detection analysis and 
Differential Interferometric SAR (DInSAR) is proven 
to be one of the effective methods in mapping surface 
displacement especially for landslides. Integration of 
remote sensing and GIS can provide information on 
prior and post-landslide situations. 
Susceptibility mapping is an essential tool to 
delineate areas prone to landslide, and it has become 
an important information for decision makers and 
government. Validation is emphasized in this study in 
order to reduce any uncertainty that may appear 
during prediction and to increase the accuracy of the 
model. For this purpose, success rate and predict rate 
had become an important part to get the best 
prediction for future landslide. Besides validation, in 
this research, we describe the level of accuracy of 
prospective landslide prediction by overlying 
landslide susceptibility map with landslide 
inventories that were used for validation. The results 
showed that about 84% of the landslide fall in high to 
very high susceptibility classes, while 16% landslides 
fall in the very low to moderate classes as shown in 
Figure 4. From the logistic regression equation, it can 
be concluded that the landslide causal factors that 
have a significant influence in causing landslides 
were found to be lithology, curvature, aspect, distance 
from fault and slope. The value ratio in frequency 
ratio showed the strong relationship within class of 
causal factors and coefficients on variable (Z) of 
causal factors in the logistic model showed the strong 
correlation between all causal factors to landslide 
occurrence. 
























































Fig 3.  Landslide susceptibility map and percentage of landslides validation data in each class 
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